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ABSTRACT: Foam concrete is widely used in engineering due to its lightweight and high porosity. Its compressive
strength, a key performance indicator, is influenced by multiple factors, showing nonlinear variation. As compressive
strength tests for foam concrete take a long time, a fast and accurate prediction method is needed. In recent years,
machine learning has become a powerful tool for predicting the compressive strength of cement-based materials.
However, existing studies often use a limited number of input parameters, and the prediction accuracy of machine
learning models under the influence of multiple parameters and nonlinearity remains unclear. This study selects foam
concrete density, water-to-cement ratio (W/C), supplementary cementitious material replacement rate (SCM), fine
aggregate to binder ratio (FA/Binder), superplasticizer content (SP), and age of the concrete (Age) as input parameters,
with compressive strength as the output. Five different machine learning models were compared, and sensitivity
analysis, based on Shapley Additive Explanations (SHAP), was used to assess the contribution of each input parameter.
The results show that Gaussian Process Regression (GPR) outperforms the other models, with R?, RMSE, MAE, and
MAPE values of 0.95, 1.6, 0.81, and 0.2, respectively. It is because GPR, optimized through Bayesian methods, better
fits complex nonlinear relationships, especially considering a large number of input parameters. Sensitivity analysis
indicates that the influence of input parameters on compressive strength decreases in the following order: foam concrete
density, W/C, Age, FA/Binder, SP, and SCM.

KEYWORDS: Foam concrete; compressive strength; machine learning; Gaussian grocess regression; shapley additive
explanations

1 Introduction

Foam concrete is a lightweight concrete material that reduces density by introducing air bubbles.
Due to its significant lightweight properties, excellent thermal and acoustic insulation performance, and
relatively good fire resistance, foam concrete is widely used in various engineering fields such as construction,
roads, railways, and tunnels [1,2]. Compared to traditional concrete, foam concrete has a lower self-weight,
which can effectively reduce structural loads, and its production cost is relatively low, making it easy to
construct [3,4]. However, the main issue with foam concrete is its relatively low strength, especially in
applications that require high strength. As a result, the use of foam concrete is still limited in such engi-
neering applications. Therefore, adjusting mixing design to improve its strength has become an important
research topic.
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The compressive strength of foam concrete is influenced by various factors, with key factors including
the foam concrete’s density, W/C ratio, admixture content, fine aggregate content, and curing time. The
density of foam concrete affects its compressive strength, as a higher density implies fewer pores and a
more compact structure, thus improving its compressive capacity. In contrast, lower density results in a
looser structure and weaker compressive strength [5-7]. The water to cement (W/C) ratio also influences
the compressive strength of foam concrete. A higher W/C ratio increases the flowability of the cement paste,
but it may cause an insufficient bond between the cement and aggregates, thereby reducing the strength of
the structure. Conversely, a lower W/C ratio enhances the setting and hardening effect of the cement, which
improves the compressive strength of foam concrete [8-10]. The content of admixtures and fine aggregates
also affects the compressive strength of foam concrete. Admixtures can improve its microstructure and
increase its density, thereby enhancing its strength [11-13]. However, an excessive amount of fine aggregates
may increase the flowability of the concrete, reduce its density, and thus negatively affect the compressive
strength [14-16]. These factors are interrelated in a complex way. Traditional experimental methods are
time-consuming, labor-intensive, and have long cycles, making it difficult to comprehensively and accurately
capture the combined effects of these influencing factors in a short period of time.

In recent years, machine learning has become an important method for predicting the strength of foam
concrete. Various machine learning algorithms, such as Support Vector Machine (SVM), Artificial Neural
Network (ANN), and Ensemble Decision Tree (EDT), have been proposed in the literature to construct
prediction models for foam concrete strength. These methods can mine the potential patterns influencing
strength based on a large amount of experimental data, thus achieving more accurate predictions. Yaseen
et al. [17] used the Extreme Learning Machine (ELM) model to predict the compressive strength of foam
concrete, while Salami et al. [18] employed ANN, Gene Expression Programming (GEP), and Gradient
Boosted Trees (GBT) models for the same purpose. Zhang et al. [19] used multiple models to predict the
compressive strength of foam concrete and found that the SVM model was the most optimal. However,
existing machine learning models still face some issues, such as being heavily reliant on high-quality, large-
scale experimental data for training and validation, and the quality and quantity of data directly impact
the prediction ability of the model [17,18,20]. Furthermore, most of the current research related to machine
learning focused on predicting the compressive strength of foam concrete with 2-4 input parameters, and
the accuracy of predictions using more parameters has not been determined. Therefore, it is urgently needed
to further explore the predictive performance of models under multiple parameter input conditions, thereby
enhancing the model’s generalization ability and practical application value.

To address the above shortcomings, this study increased the number of input parameters to explore how
to accurately predict the compressive strength of foam concrete under the influence of multiple nonlinear
parameters. This study thoroughly investigates the impact of multiple key parameters on the compressive
strength of foam concrete and performs a comparative analysis using various efficient models to improve
prediction accuracy. Building on existing research, this study introduces additional input variables and
considers their nonlinear effects, thus proposing a more comprehensive and precise prediction method.
Compared to traditional methods, the approach presented in this paper demonstrates greater flexibility and
superiority in handling complex parameter relationships, offering significant practical application value and
research significance. Additionally, this study employs the Shapley Additive Explanations (SHAP) method
to perform sensitivity analysis on the important parameters that influence the compressive strength of foam
concrete, based on the optimal model, in order to reveal the contribution of various factors to the prediction
of foam concrete’s compressive strength. This innovative work provides a more efficient, precise, and
transparent solution for predicting the strength of foam concrete under the influence of multiple parameters.
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2 Data Collection and Analysis

As is well known, the scale of the database plays a crucial role in the accuracy of the prediction model.
A large amount of training data allows the model to better learn the underlying patterns in the data, thereby
improving the accuracy of the prediction model. This study collected a large amount of experimental data
from the published literature [21-50] and used five different machine learning models to train and test
for predicting the compressive strength of foam concrete. The study used the density of foam concrete,
W/C ratio, SCM substitution rate, FA/Binder ratio, SP content, and curing age as input variables, with the
compressive strength as the output variable. Table 1 provides information on all the input parameters in the
collected data, including the maximum value, minimum value, median, and other data points.

Table 1: Statistical description of the experimental dataset (Q1: 25th percentile, Q2: median, Q3: 75th percentile)

Parameter Min Max Median Mean Std. Q1 Q2 Q3

Density (kg/m’) 400 2003 1146 1185.61 343.84 1000 1146 1411

W/C 0.25 0.7 0.4 0.414 0.095 035 04 0.5

SCM (%) 0 75 10 17.08 19.16 0 10 30
FA/Binder 0 4.545 1 1.088 0.967 0 1 1.493

SP (%) 0 3 0 0.395 0.725 0 0 0.5

Age (Day) 3 56 14 1903 129 7 14 28

Compressive strength (MPa) 0.2 444 4.5 6.89 6.98 21 45 10

Fig. 1 shows the distribution range of all data across different input parameters when constructing the
model. Most of the data points were distributed within the density range of 1000-1200 kg/m’, with some
data points also distributed in other density ranges (Fig. 1a). The W/C ratio samples were mainly distributed
in the range of less than 0.6 (Fig. 1b). The SCM substitution rate samples were about half in the range of less
than 10%, and the other half more evenly distributed in the range greater than 10% (Fig. 1c). The FA/Binder
ratio samples were approximately 40% distributed at 0, with some concentration around 1 and >2. The SP
content was mostly distributed at 0, with a small portion found in the range of 0.5-1. Curing age was mostly
distributed in the ranges of less than 10 and 20-30, indicating that most of the compressive strength data
collected were from 7-day and 28-day curing periods.

To reduce redundant features and select important ones to improve model efficiency, this study
performed a correlation analysis on the variables affecting the compressive strength of foam concrete, with
the results shown in the correlation matrix in Fig. 2. From the matrix, it is clear that the correlation between
each pair of variables is represented by the correlation coefficient, typically measured using the Pearson
Correlation Coefficient, which ranges from -1 to 1. A correlation coefficient close to 1 indicates a strong
positive correlation between the two variables, while a coeflicient close to -1 indicates a strong negative
correlation. Based on the results from Fig. 2, it can be observed that most of the variables have low correlation,
with almost no significant positive or negative correlation. This suggests that the parameters are relatively
independent from each other, with each variable providing unique information.
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Figure 1: Distribution of input and output parameters in the experimental dataset. (a) Density; (b) W/C; (c) SCM; (d)
FA/Binder; (e) SP; (f) Age; (g) Compressive strength
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Figure 2: Correlation matrix among input parameters

Overall, the low correlation between the selected parameters indicates that each variable contributes
independently to the prediction of compressive strength, thus reducing redundant features and mitigating
the issue of multicollinearity between features. This independence not only enhances the stability of the
model but also improves its accuracy when dealing with complex nonlinear relationships, ensuring the
reliability and precision of the predictions. Therefore, the results of the correlation analysis further confirm
the effectiveness of the selected features and provide a theoretical basis for the model’s further optimization
and improved prediction accuracy.

3 Methodology and Method
3.1 Methodology

This study aims to predict the compressive strength of foam concrete under the influence of multiple
parameters using various machine learning models. The overall approach follows a systematic process,
including data collection and preprocessing, model selection and training, as well as performance evaluation
and comparison (Fig. 3). The input dataset consisted of key influencing parameters of foam concrete, and
these data were standardized before being used in different prediction models. A comparative analysis was
employed to assess the efficiency and accuracy of various machine learning techniques. All models were
trained using the same dataset to ensure a fair comparison. Subsequently, the prediction capabilities of the
models were analyzed using multiple evaluation metrics, in order to identify the most suitable model for
predicting the compressive strength of foam concrete under the influence of multiple input parameters.
Finally, based on the selected best model, SHAP was used for sensitivity analysis of the input parameters to
clarify the importance ranking of each input parameter’s contribution to the strength of foam concrete.

3.2 Machine Learning Models
This study employed five different machine learning models: GPR, SVM, ANFIS, ANN, and EDT. Each
model has unique characteristics that impact the prediction performance in different ways.

GPR is a non-parametric regression method based on Bayesian inference [51]. It was selected for its
ability to model uncertainty and fit complex, nonlinear data, which is especially useful when dealing with
the noisy data often encountered in concrete material studies [52-54]. It models a Gaussian process for the
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training data, and during prediction, it provides both the mean and variance of the output. It is suitable for
small sample sizes and highly nonlinear datasets. The core formula is as follows:

f(x) ~gp(m(x), k(x,x")) o)
f1X, y,%. ~ N (u,0%) )
e =k (%, X) [K (X, X) + 021 'y (3)
o> =k (x,x) - k (x, X) [K (X, X) + 021] " k (X, x) (4)

here, m(x) is the mean function, typically set to 0, and k(x, x’) is the kernel function, which defines the
correlation between points. K(X, X) is the covariance matrix between the training data, and ¢} is the
noise variance.

Step 1 Data Collection Step 2 Model training and testing

collected, including 6 input

A total of 333 data samples were
variables and 1 output variable

Predicted strength

Step 3 Model evaluation

(o

Different input parameters ] Comparing 5 different
models

0 iy

MAPE, Taylor diagram

e

Impact on the
prediction Best Model

Figure 3: Overall methodology for predicting the compressive strength of foam concrete

SVM constructs an optimal hyperplane to maximize the margin between different classes and is widely
used for classification and regression tasks [55]. The goal is to find the function that deviates the least within
the tolerance of error. The core formula is as follows:

1 2 1 .
min - |w| +C i+ & 5
Jnin 5 lol 4 C X (6 ) 6
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here, w is the weight, C is the penalty parameter, and ; and &} are the slack variables.

ANFIS is a hybrid model that combines fuzzy logic systems with artificial neural networks [56]. It utilizes
the self-learning capability of neural networks to optimize the membership function parameters in the fuzzy
system, making it suitable for regression and modeling tasks. The core formula is as follows:

2 wijfij
==Y/ 6
f Zwi]‘ ( )
wij = pa, (x) - ps; (y) (7)

here, p4;(x) is the membership degree of input x to the fuzzy set A;, and pp;(y) is the membership degree
of input y to the fuzzy set B;. Their product represents the joint membership degree of x belonging to A; and
y belonging to B;.

ANN is a nonlinear predictive model that simulates the connection mechanism of neurons in the human
brain [55]. It has strong fitting and learning capabilities, able to capture complex nonlinear relationships
between input variables and output. It is widely used in the field of engineering prediction. The core formula
is as follows:

zZ= ZW,’X;‘ +b (8)
i=1
1 & -
L:;Z()/i—)’i)z ©)
i=1

here, Eq. (8) is the weighted sum formula for the neuron’s input, and Eq. (9) is the loss function used for
error evaluation. In Eq. (8), x; is the input feature, w; is the weight, and b is the bias. In Eq. (9), y; is the actual
value, and y; is the predicted value.

EDT is a type of machine learning method that enhances prediction performance by integrating
multiple decision trees [55]. Common forms include Random Forest (RF) and Gradient Boosting Decision
Trees (GBDT). These methods have advantages such as strong resistance to overfitting and suitability for
high-dimensional nonlinear data.

3.3 Data Preprocessing

The dataset used in this study was compiled from over 30 published papers [21-50], which cover various
laboratories, regions, and experimental conditions. To minimize the impact of data heterogeneity from
different sources, the following measures were implemented: first, studies with clearly defined experimental
methods and consistent measurement standards were selected; second, all data were based on compressive
strength tests conducted on standard cubic specimens. To reduce bias arising from differences in specimen
sizes, reduction coeflicients based on relevant standards and literature were applied to convert the strengths of
specimens with different sizes to equivalent standard cubic compressive strengths. Additionally, all numerical
input variables were standardized, and obvious outliers were removed. These preprocessing steps ensured
the physical comparability and statistical consistency of the data, thereby enhancing the reliability and
generalization ability of the model training.

To mitigate the risk of overfitting, the 5-fold cross-validation method was employed in this study.
Specifically, the dataset was divided into five subsets. In each experiment, one subset was selected as the
validation set, while the remaining four subsets were used as the training set for model training and
evaluation. By alternately using different validation sets, 5-fold cross-validation effectively assessed the
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model’s performance on various data subsets, ensuring its generalization ability and reducing the risk of
overfitting. The implementation of this method improved the reliability and stability of model evaluation.

3.4 Model Accuracy Evaluation Metrics

In order to comprehensively evaluate the predictive accuracy of the models, this study used the following
key metrics:

Coefficient of Determination (R’): This is a metric used to assess the goodness of fit of the model, and
its value typically ranges from 0 to 1. The closer the value is to 1, the better the model fits the data. The formula
is as follows:

27:1 (J’i - )71)2
S (i - vi)

Root Mean Square Error (RMSE): This is a metric that measures the difference between the model’s
predictions and the actual values. It can be used to evaluate the accuracy of regression models and help assess
the model’s predictive ability. The smaller the value, the stronger the model’s predictive ability. The formula
is as follows:

R2=1- (10)

1 -
RMSE =y| — 3 (yi=7)° (11)
i=1

Mean Absolute Error (MAE): This is a metric that measures the prediction accuracy of a regression
model and intuitively represents the difference between the predicted values and the actual values. The
formula is as follows:

n

1 —~
MAE = ;Zb’i—)’i’ (12)
io1

Mean Absolute Percentage Error (MAPE): This metric reflects the relative error of the predictions by
calculating the average absolute percentage error between the predicted values and the actual values. The
smaller the value, the better. The formula is as follows:

1 n

MAPE = -
niq

Yi— i

Vi

x 100 (13)

3.5 Hyperparameter Optimization

In this study, the hyperparameters of the Gaussian Process Regression (GPR) model were tuned
using Bayesian Optimization. The optimization process used the ‘Expected Improvement Plus’ acquisition
function, with a maximum of 30 iterations. The hyperparameters optimized include the basis function
(constant), kernel function (non-isotropic quadratic rational kernel), kernel length scale, signal standard
deviation, and Sigma. As shown in the figure, the final optimized Sigma value was 0.1624, and the kernel
length scale was automatically selected as 64.82, with the model trained under standardized conditions.
Other models (such as SVM, ANN, ANFIS, and EDT) were not subjected to hyperparameter optimization
and used the default parameter settings.
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4 Results and Discussion
4.1 Models

In this study, 70% of the collected data sets (233) were randomly chosen for model training, while the
remaining data sets (100) were used for model testing to compare and evaluate the prediction performance
of different models. As shown in Figs. 4-8, the predicted compressive strength, actual compressive strength
values, and the error between them (i.e., the prediction error of different models) are displayed. It is clearly
visible from the figures that the actual strength and predicted strength in the test data of the GPR model
differed only slightly, whereas the error values for the ANN and ANFIS models were more significant. Further
evidence of the GPR model’s accuracy, compared to other models, can be seen in the error graphs below.
Overall (considering both the training and testing phases), the GPR model consistently shows predicted
strengths that were close to the actual strengths, with the prediction error being the lowest among the five
machine learning models.
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Figure 4: Comparison between observed and predicted compressive strength using GPR. (a) Training; (b) Testing
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2952

Comput Model Eng Sci. 2025;144(3)

Error-train
Predicted-train

B

- Observed-train

40 A

Compressive strength (MPa)

60
[ Error-test
* Predicted-test

Observed-test|

40

Compressive strength (MPa)

50

Figure 6:

T T T
100 150 200 20 40 60 80 100

Data sample

(a)

Data sample

(b)

Comparison between observed and predicted compressive strength using ANFIS. (a) Training; (b) Testing

60
i Error-test

* Predicted-train
Observed-train

Compressive strength (MPa)

60

- Error-test
Predicted-test
Observed-test

40

Compressive strength (MPa)

50

T T T
100 150 200 20 40 60 80 100

Data sample

(a)

Data sample

(b)

Figure 7: Comparison between observed and predicted compressive strength using ANN. (a) Training; (b) Testing

60 60
[ Error-train [ Error-test
+— Predicted-train +— Predicted-test
= Observed-train = + Observed-test| 8
& 40 & 40
2 = r
< <
£ | } £ 1
1) ‘ 1 |7
= = Pes
o @
= d T = T 1 % - +
2o Ll s
H i I | 1] 2
g L RAA T ot 1 Z
g b [® I:""}"“ I g
it AL RIR
[ nil li‘,'.l,’-li,*’n.l,% v g
&} ]
-20 . . -20

T T
100 150 20 40 60 80 100

Data sample

(a)

Data sample

(b)

Figure 8: Comparison between observed and predicted compressive strength using EDT. (a) Training; (b) Testing



Comput Model Eng Sci. 2025;144(3) 2953

Figs. 9-13 present an accuracy analysis of different prediction models in predicting the compressive
strength performance of foam concrete. The regression analysis of the training data (a) and testing data (b)
can be clearly observed from the figures. From the (a) sections of Figs. 8-12, it can be seen that during the
training phase, most of the data points for the GPR model, SVM model, and EDT model were distributed
around the line y = x, with only a few points falling outside the +20% region. This indicates that these three
models had relatively good prediction accuracy during the training phase. In contrast, the data points for
the ANFIS and ANN models were more scattered during the training phase, with a relatively larger number
of points outside the +20% region, suggesting that these two models had lower accuracy in predicting the
compressive strength of foam concrete compared to the first three models. In the (b) sections of Figs. 8-12,
it can be observed that the prediction accuracy of each model decreased during the testing phase compared
to the training phase. This is evident from both the changes in the R? values and the distribution of the
data points. However, the performance of the GPR model remained outstanding among the five models. In
terms of the R* value, the GPR model maintained a relatively high level during the testing phase. As for the
distribution of the data points, although there was a slight increase in the proportion of data points outside
the £20% region in the testing phase, the majority of the data points were still distributed around the line
¥ = x, indicating the stability of its predictive capability.
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Figure 13: Regression analysis for EDT model. (a) Training; (b) Test

Figs. 14-17 present a comparison of four different metrics (R?, RMSE, MAE, and MAPE) for predicting

the compressive strength of foam concrete using different machine learning models, with the results
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displayed in a radar chart. The results show that the GPR model outperforms the SVM, ANFIS, ANN, and
EDT models in all metrics. As seen from the chart, during the training phase, most of the GPR model’s
data ranked first, with an R? value of 0.95. In this phase, the R? values of the SVM and EDT models were
also comparable to the GPR model, at 0.94 and 0.94, respectively. However, the ANFIS and ANN models
performed somewhat less impressively, with R* values of 0.8 and 0.89, respectively. In terms of MAE and
RMSE, the differences between the GPR model and the other models were more significant. During the
training phase, the GPR model had an MAE value of 0.81 and an RMSE value of 1.6, while the SVM, ANFIS,
ANN, and EDT models had MAE values of 0.89, 1.78, 1.38, and 0.9, respectively, during the same phase. The
RMSE values for these four models were 1.8, 3.13, 2.44, and 1.75, respectively. However, in terms of MAPE,
although the GPR model is not the best, it still performed well. Clearly, based on the various parameters in
the training phase, the GPR model demonstrated significantly higher accuracy in predicting the compressive
strength of foam concrete compared to the other models. The SVM model closely followed the GPR model,
while the EDT, ANN, and ANFIS models ranked third, fourth, and fifth, respectively.
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Figure 14: Radar plots of R? for different machine learning models. (a) Training; (b) Test
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Figure 15: Radar plots of RMSE for different machine learning models. (a) Training; (b) Test
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Figure 17: Radar plots of MAPE for different machine learning models. (a) Training; (b) Test

During the testing phase, the performance of the GPR model remained excellent. In terms of the R?
value, it continued to perform optimally, reaching an R? value of 0.93, while the R* values for the SVM,
ANFIS, ANN, and EDT models were 0.87, 0.75, 0.83, and 0.89, respectively. The GPR model’s RMSE and
MAE values remained the best compared to the other four models, which were 2.68 and 1.33, respectively.
In terms of the MAPE metric during the testing phase, the performance of the five models was consistent
with that in the training phase. Although the GPR model’s value was not the best, it was still quite close to
the values of the SVM and EDT models.

To further validate the robustness of the GPR model, additional evaluations were conducted using dif-
ferent training-to-testing data ratios. Specifically, the model was assessed under various conditions, including
70%:30%, 80%:20%, and 60%:40% splits, to examine its performance across different data distributions.
As presented in Table 2, the evaluation results demonstrate that the model maintains stable and reliable
performance in both training and testing phases, as evidenced by consistently high R? values and acceptable
levels of RMSE and MAE.

Notably, the model exhibited strong generalization capabilities across the 60%:40% and 80%:20%
scenarios, with most test-stage R* values exceeding 0.93. Although slightly elevated RMSE and MAE values
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were observed in a few groups (e.g., A4 and B5), the overall prediction errors remained within acceptable
ranges. These results confirm the robustness of the GPR model with respect to data partitioning and support
its reliability under varying data condition.

Table 2: GPR model evaluation with different training/testing proportions (RMSE, R*, MAE)

Group Proportion Stage RMSE R?> MAE
Train 1.61 095 0.90

Al Test 1.97 097 102
A2 Train 2.08 091 0.63
Test 1.16 0.99 0.56

Train 2.07 092 0.84

A3 6:4 Test 0.97 099 047
A4 Train 1.97 0.92 119
Test 2.56 094 142

A5 Train 2.07 091 0.99
Test 1.88 097 0.76

Bl Train 1.37 096 0.73
Test 1.53 098 0.73

B2 Train 1.73 094 0.83
Test 1.73 098 0.85

Train 1.73 0.94 0.81

B3 8:2 Test 1.80 0.97 0.83
B4 Train 1.94 0.92 0.88
Test 1.61 098 0.77

B5 Train 1.13 097 0.59

Test 3.09 093 137

The error distribution between the predicted values and the actual values during the testing phase for
the five different models used in this study to predict the compressive strength of foam concrete can be
seen in Fig. 18. By observing the error distribution chart and comparing the errors of different models, it
helps to assess the prediction quality and generalization ability of the models, as well as to select the optimal
model. From Fig. 18, it can be seen that the error distribution of the GPR model was the most concentrated,
with most of the errors close to zero, indicating that its predicted results were highly consistent with the
actual values, exhibiting high prediction accuracy and stability. The error distribution of the GPR model was
relatively symmetrical, and there were no obvious extreme values, showing its efficiency and robustness in
handling the compressive strength of foam concrete, and its ability to fit the trend of the actual data well.
In contrast, the error distribution of the SVM model, although somewhat concentrated, had a slightly wider
error range compared to GPR and contained some large outliers. This suggests that while the SVM model
could provide relatively accurate predictions, its stability during the prediction process was slightly worse,
especially in the extreme value regions of the data, where the model performed less reliably than GPR. The
error distribution of the ANFIS model was more dispersed; although some data points were concentrated
near zero, the overall error was larger and fluctuated more, indicating that the model’s predictive ability for
the compressive strength of foam concrete was inferior to that of GPR, and the model’s stability was poor. The
error distribution of the ANN model was also widespread, with data points scattered and many outliers. This
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implies that the ANN model experienced significant errors during prediction, particularly when dealing with
more complex or noisy data, resulting in higher uncertainty and poor performance. The error distribution of
the EDT model, although more concentrated and similar to GPR, still shows a slightly more dispersed error

range and some bias compared to GPR.
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Figure 18: Error distribution of different models on the test dataset

The prediction errors of the model show a clear parameter dependence. As shown in Fig. 19, when the
density of foam concrete is below 800 kg/m’, the predicted strength exhibits significant systematic negative
bias (up to —15 MPa), while in the high-density region (>1600 kg/m®), the error narrows to —~10 MPa. This
trend may be related to the increased complexity of the internal pore structure in low-density materials,
causing the strength evolution to deviate from the assumptions of the model.
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Figure 19: Prediction error of the GPR model across different foam concrete densities

Fig. 20 further illustrates that the model’s prediction accuracy is lowest for samples with curing times
<7 days (with errors reaching —18 MPa at 3 days). This is because early hydration reactions have not yet
stabilized, and the strength development shows strong nonlinearity. However, when the curing time is
extended to 28 days, the error significantly decreases to within —5 MPa. The above analysis indicates that
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future research should focus on expanding the data for low-density and early curing samples and optimizing
feature engineering.
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Figure 20: Prediction error of the GPR model under different curing times

From the Taylor diagram (Fig. 21), it can be observed that the five models (GPR, SVM, ANFIS, ANN,
EDT) show significant differences in performance across two dimensions: standard deviation and correlation
coefficient. The GPR model was positioned at the optimal point on the diagram, with a standard deviation
close to the minimum value, indicating very small prediction errors, and most data points were concentrated
near the actual values, showing extremely high precision and stability. Additionally, the correlation coefficient
of GPR was close to 1, suggesting a very high fit with the actual data, effectively capturing the variation
trend of the compressive strength of foam concrete, demonstrating the strongest predictive capability.
Furthermore, the SVM model also performed well, with a slightly higher standard deviation than GPR, but
its correlation coefficient was similarly close to 1, showing prediction accuracy comparable to GPR. The
error distribution was also relatively concentrated, indicating stable and reliable prediction performance
in practical applications. The positions of the ANFIS and ANN models were closer to the higher standard
deviation region, indicating that their prediction results were more volatile, with a more scattered error
distribution, showing poor stability. Particularly, the ANN model had a larger standard deviation and a lower
correlation coeflicient, suggesting that its prediction accuracy and stability were not as good as those of
GPR and SVM. Furthermore, while the EDT model had a correlation coefficient close to 1, indicating a high
correlation with the actual values, its standard deviation was large, suggesting high volatility in its prediction
results and poor stability, especially with significant errors in predicting some extreme values.

Based on the performance of the various models in the above evaluations, it can be concluded that GPR
is the optimal model for this study. This is because GPR, based on Bayesian optimization, can accurately tune
the key hyperparameters of the model, allowing it to better fit complex nonlinear relationships compared
to other models [57,58]. Additionally, GPR is able to quantify the uncertainty of predictions, which is
especially important when dealing with the noise and uncertainty commonly present in experimental data
for foam concrete. In contrast, while SVM can handle complex nonlinear relationships, it is more sensitive
to hyperparameters and outputs only the compressive strength as a single prediction value, lacking an
assessment of model uncertainty, which affects the reliability of the prediction results. ANFIS combines
the advantages of neural networks and fuzzy logic, theoretically performing well when handling multiple
uncertainties in foam concrete strength. However, its training process is complex, and it is highly sensitive
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to the choice of initial parameters, which can lead to poor model stability [59,60]. While ANN has strong
fitting ability, it is prone to overfitting, especially in cases with small datasets or high noise, which limits its
generalization capability [61]. EDT, by integrating multiple decision trees for regression, is simple and less
prone to overfitting, but it exhibits lower prediction accuracy when dealing with complex data and is easily
affected by data noise, showing significant instability [62]. GPR, with its excellent fitting ability, stability, and
capability to handle the complexity and uncertainty in data, becomes the best predictive model for predicting
the compressive strength of foam concrete under the influence of multiple input parameters.

GPR
SVM
ANFIS
ANN
EDT

Standard Deviation

0 1 2 3 4 5 6 7
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Figure 21: Taylor diagram comparing the performance of different prediction models

4.2 Sensitive Analysis

In this study, the SHAP method was primarily used to analyze the sensitivity of model inputs. SHAP
is a widely adopted interpretability tool in the field of machine learning. It helps deeply understand the
decision-making process of complex models by calculating the contribution of each feature to the final
prediction [63]. By evaluating all possible feature combinations, SHAP can quantify the impact of individual
features on the model output, thus assigning reasonable and consistent importance weights to the features.
The core advantage of SHAP lies in its fairness and transparency. By quantifying the performance of different
features in various predictions, SHAP values provide clear and interpretable feedback to the model, helping
identify the most critical features in predicting the compressive strength of foam concrete. Furthermore,
SHAP exhibits consistency, meaning that the sum of all feature importances equals the difference between the
model output and the baseline value. This property not only enhances the reliability of feature comparisons
but also makes it more intuitive to understand how features interact and influence predictions. Therefore,
SHAP provides strong support for improving the transparency and interpretability of the model.

However, the SHAP method has a notable limitation. It requires low correlation between input
parameters, as it assumes that features are independent of each other. When handling highly correlated
features, issues with inaccurate contribution allocation may arise [64]. Therefore, in this study, a correlation
analysis of the input parameters was conducted prior to the SHAP analysis, as shown in Fig. 2. The analysis
results indicate that the correlation between input parameters is low, ensuring the accuracy of the SHAP
analysis results.

Fig. 22 shows the importance of different input variables in predicting the compressive strength of
foam concrete through a pie chart. Among them, density accounts for the largest share (43%), followed
by the W/C at 20.6%, Age at 13.6%, SP at 11.2%, and the FA/Binder at 11.6%. The impact of SCM was
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very small. Fig. 23 presents the specific contributions of each input parameter to the compressive strength
prediction using SHAP values. The SHAP analysis results indicate that the dry density of foam concrete
makes the greatest contribution to the prediction of compressive strength among the input variables. This
phenomenon can be explained by the fundamental principles of materials engineering: in foam concrete,
density reflects the combined effects of porosity and the compactness of the material structure. Higher
density typically implies lower porosity and a denser aggregate-cement matrix, which enhances the overall
strength of the material. Additionally, variations in density indirectly reflect the combined effects of slurry
composition, foaming agent stability, and curing conditions. Therefore, its dominant influence in the model
aligns with the mechanical behavior of foam concrete. In contrast, the water-cement ratio (W/C) ranks
second in contribution, which can be explained by its direct impact on the microstructure of concrete.
The water-cement ratio directly affects the hydration reaction of the cement paste and the formation of its
microstructure, thereby influencing the density and strength of the concrete. However, because its effect on
the microstructure is indirect and often mediated through density, its contribution comes after dry density.
The contribution of supplementary cementitious materials (SCM) is the lowest, which is primarily due to the
more indirect nature of SCM’s effect. SCM generally enhances strength by improving the microstructure of
the cement paste and enhancing durability, but these effects are more limited in foam concrete. Furthermore,
the impact of SCM on the microstructure of foam concrete is slower and smaller, resulting in its relatively
lower contribution in the model.
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Figure 22: Pie chart of SHAP feature contribution to compressive strength prediction
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Figure 23: SHAP summary plot for compressive strength prediction using GPR model

Although the SHAP values of the W/C were relatively concentrated, they show significant variation
at extreme values, indicating its sensitivity in influencing the compressive strength. The SHAP values
of SCM and FA/Binder were close to zero, suggesting that their contribution to compressive strength is
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minimal, likely due to the low proportion of SCM used in the literature. The SHAP values of SP were
dispersed, indicating its unstable influence on different data points, as it is closely related to the mix ratio
and construction processes. The SHAP values of Age had a large range, suggesting that as time progresses,
the cement hydration reaction enhances the structural stability of foam concrete.

In summary, through sensitivity analysis of feature importance and SHAP value analysis, it can be
observed that density and W/C play a decisive role in predicting the compressive strength of foam concrete,
with the largest contribution in the model. In contrast, SCM and FA have a smaller impact on the model’s
prediction. These analyses provide guidance for future model optimization, particularly in feature selection.

4.3 Comparison with Existing Research

Compared to existing research, the model in this study performs better. Ayyanar and Ali [54] achieved
an R* of 0.83 using ANN, while Xu et al’s [65] RF model achieved an R* of 0.93. The GPR model
used in this study reached an R? of 0.93 on the test set with an RMSE of 2.67, Furthermore, the model
incorporates more input variables and introduces SHAP analysis, leading to improved prediction accuracy
and generalization capability.

5 Conclusion and Future Work
5.1 Conclusion

This study systematically evaluated the predictive performance of different machine learning models for
the compressive strength of foam concrete under multiple input parameters. Based on the optimal model, a
sensitivity analysis of the input parameters was conducted, and the following main conclusions were drawn:

(1) Compared to the approach in existing literature, which typically constructs prediction models using
2-4 input variables, this study selected 6 key influencing factors (Density, W/C, SCM, FA/Binder, SP,
and Age) as input parameters. This significantly enhanced the richness of the model’s input dimensions
and strengthened its ability to characterize the variation patterns of foam concrete strength.

(2) By comparing the prediction results of five machine learning models, including GPR, SVM, ANFIS,
ANN, and EDT. It was found that the GPR model demonstrated the best predictive performance in
both the training and testing phases. Its testing phase R?, RMSE, MAE, and MAPE were 0.93, 2.67,
1.33, and 0.55, respectively, outperforming the other four models. GPR exhibited strong fitting ability
and robustness when dealing with high-dimensional nonlinear relationships, making it suitable for
data characteristics like those of foam concrete, which have complex input parameters and contain
some noise.

(3) To enhance the interpretability of the model, this study introduced the SHAP method to analyse the
feature contributions of the GPR model. The results indicate that the Density and W/C of foam concrete
were the dominant factors influencing compressive strength, with average SHAP contributions of 43%
and 20.6%, respectively. The effect of Age follows, accounting for 13.6%. In contrast, the admixture
substitution rate had a minimal impact on the prediction results, indicating its low contribution in
the current dataset. This analysis provided a theoretical basis for the performance regulation of foam
concrete in engineering practice.

5.2 Future Work

Based on the comprehensive performance evaluation and sensitivity analysis conducted in this study,
several limitations and potential improvement directions have been identified. These form the basis for



Comput Model Eng Sci. 2025;144(3) 2963

the following future research directions, which aim to enhance both the predictive accuracy and practical
applicability of the model.

5.2.1 Model Optimization

Future research can further incorporate environmental exposure factors (such as humidity, temperature,
freeze-thaw cycles, etc.) into the model to enhance its applicability in complex environments. Additionally,
the model’s applicability can be extended to other types of concrete (e.g., dry-cast concrete, recycled aggregate
concrete, etc.) to verify its robustness and versatility, thereby promoting the widespread application of data-
driven methods in concrete engineering design.

To further enhance the model’s reliability assessment, incorporating confidence interval analysis in
future work will help evaluate the uncertainty of the predicted values and strengthen the model’s reliability
in real-world engineering applications [66,67].

In future work, resampling techniques such as SMOTE [68,69] can be applied to balance the dataset, or
modified loss functions can be used to emphasize underrepresented data ranges. Furthermore, the model’s
performance will be evaluated more carefully across different strength ranges to ensure that it generalizes
well across all compressive strength values.

5.2.2 Practical Significance for Engineering

To enhance the practical impact of the model, future work will focus on integrating the model with real-
world engineering data and decision-making processes. By cross-validating it with actual data from concrete
production and construction, the practical utility of the model in engineering decision-making can be further
verified. Through this approach, the model is expected to not only provide highly accurate predictions but
also become an essential tool for concrete quality control and engineering management.
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